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ABSTRACT
Classification of plants based on a multi-organ approach is
very challenging. Although additional data provides more information that might help to disambiguate between species,
the variability in shape and appearance in plant organs also
raises the degree of complexity of the problem. Existing approaches focus mainly on generic features for species classification, disregarding the features representing the organs. In
fact, plants are complex entities sustained by a number of organ systems. In our approach, we exploit the PlantClef2015
benchmark, and introduce a hybrid generic-organ convolutional neural network (HGO-CNN), which takes into account
both organ and generic information, combining them using
a new feature fusion scheme for species classification. We
show that our proposed method outperforms the state-of-theart results.
Index Terms— Plant classification, deep learning
1. INTRODUCTION
Botanists classify plant species by observing plant organs: the
stem, flowers, fruits and leaves of the studied plant. Among
all organs, the leaf and their characters are studied extensively [1, 2]. Computer based methods have been designed to
support botanists [3–8]. Existing literature is concerned with
plant identification using automated pattern analysis based on
leaf characters. Although the structural features of a leaf are
important in the plant identification task, for certain plants,
such as deciduous or semi-evergreen plants, leaves are not
visible or available over different periods of the years. In
these cases, multiple organs are required to identify the correct species. In 2013, the LifeClef challenge [9] provided the
first multi-organ plant dataset. This was the first multi-organ
plant classification benchmark in computer vision.
However, it is a challenging task to classify plants based
on a multi-organ approach. For example, in Fig 1, we can
observe the large variability in the appearance of plant organs. Even within the same organ, large differences can occur. Furthermore, for images taken in the outdoor field, the
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Fig. 1: Large variability in the appearance of plant organs
clutter in the background makes more difficult recognizing
plant species.
Deep learning has shown a notable success in largescale image recognition [10, 11]. In the multi-organ plant
identification task, many of the existing methods [12, 13]
employ deep learning to train an N -class species classifier,
irrespective of the organ or organ structure. The features
learned based on this approach tend to be generic. In [12],
the training of a generic network using a deeper learning
network, the GoogLenet showed the best result for the Plantclef 2015 dataset [9]. Although generic features can model
target species classes, they might not be able to provide an
appropriate description for a plant. For example, for a leaf
image taken with a noisy background with text, such as the
leaf on the newspaper shown in Fig. 1, generic features focus
on the holistic representation of the image. In such case, text
might be considered erroneously as one of the discriminative
features for the species. This is not surprising, as a generic
network learns irrelevant features, especially when they appear to be discriminative among species. Hence, a novel
approach is required that can go beyond the generic description of the plant and provide a better reasoning to model plant
species.
Generally, botanists can classify plants by observing and
studying their features, usually using all the plant organs.
Plant organs are known prior to explore the characteristic of
a species. For instant, when botanists study a leaf, they focus
on the leaf characters such as its margin or venation patterns,
and, when they study a flower, they focus on the characteris-

2.1. Implementation Details
In order to train the HGO-CNN to capture prior organ information for species classification, we propose a feature fusion
scheme. It is based on a novel step-by-step training strategy.
The HGO-CNN is trained using the following steps:

Fig. 2: The architecture of the proposed HGO-CNN.
tics of its petals, sepals and stamen to identify unknown plant
species. So, it is logical to believe that a better recognition
method for plant species might require prior information of
their organs.
In this paper, we propose a novel architecture, and call it
a hybrid generic-organ convolutional neural network, abbreviated HGO-CNN. HGO-CNN integrates both generic and
organ-based information for the multi-organ plant classification task. Specifically, it is able to encapsulate organ and
generic information prior to species inference for multi-organ
plant classification. This paper has two main contributions.
First, HGO-CNN introduces a novel classification model. It
extracts prior organ information, and, classifies images of
plants based on the correlation between the chosen organ and
generic-based features. Second, HGO-CNN introduces a new
fusion scheme, to learn the correlation between an organ and
generic components. We show that both components can be
independently pretrained and integrated to form one single
architecture with the whole feature extraction and species
classification operations jointly trained end-to-end.

2. THE HGO-CNN
The proposed HGO-CNN comprises four layers or components: (i) a shared layer, (ii) an organ layer, (iii) a generic
layer, and (iv) a species layer. The rationale behind proposing
a shared layer is inspired by: (1) the work of [14, 15], who
demonstrated that bottom layers in deep networks respond to
low-level features, such as corners and edges, in turn crucial
to the classification of any high level features, and, (2) the fact
that such layers help reducing the number of training parameters. Input to our HGO-CNN is a color image of 224 × 224
pixels. For the convolutional layer, we utilise 3 × 3 convolution filters with spatial resolution preserved using stride 1.
Max pooling is performed using a 2 × 2 pixel window with
stride 2. Three fully connected layers, which have 4096, 4096
and 1000 channels respectively, follow behind the stacks of
convolutional layers. The final layer is the softmax layer.

Pre-Training CNN layers HGO-CNN uses a two path CNN
for the purpose of training generic and organ based features
in a later stage. This two path CNN is similar to the architecture depicted in Fig. 2, except that, it does not include the
interconnection between paths, and, each path has its own
fully connected layers. These are initially pre-trained using
the ImageNet challenge dataset [16].
Organ layer After pre-trained, one of the CNN path is repurposed to train on the organ task. This organ layer is trained
together with the shared layer, using seven kinds of predefined
organ labels. We obtain organ-based feature maps xorg in the
H × W × Z 3D cuboid, where H, W and Z are the width,
height and number of channels of the respective feature maps.
Generic & species layer After training the organ layer, we
train the species layer based on the species labels. Here,
we encapsulate both organ and generic information prior to
species classification. We train the species layer based on the
correspondence of these two components – organ and generic.
During the species layer training, the generic layer is finetuned using a lower learning rate, and, output a generic feature
maps xgen in the H ∗ × W ∗ × Z ∗ 3D cuboid. To allow both
organ and generic layers to share the common proceeding layers, we keep the shared layer’s weights to be consistent. This
is achieved by setting their learning rate to zero. To put in
correspondence between both organ and generic components,
a fusion function g : xorg , xgen → y at layer L is learned
to produced organ and a generic correlation feature maps y in
the H ” × W ” × Z ” 3D cuboid. In our model, L is the last
convolutional layer for both components. Since, we fuse both
components in the same layer L, where both feature maps
have the same dimension, h = H = H ∗ , w = W = W ∗
and z = Z = Z ∗ . In the species layer, g firstly concatenates
these two sets of feature maps along the channel axis, forming a stacked data xcat = [xgen , xorg ] in the h × w × 2z 3D
cuboid. Then, xcat will subsequently convolves with a set of
filters f and biases b.
y = xcat ∗ f + b

(1)

f is a filter bank of size N , and, each filter is in the p × q × 2z
3D cuboid. Size of b is equal to the number of filters. In our
model, we set N = z so that we can reduce the dimensionality
of the output feature maps, while, at the same time, modeling
the correspondence between the two feature maps xgen and
xorg . We set the learning rate of the new randomly-initialised
species layers to 10 times higher than the preceding initialised

layers and fix the weight of the organ layer when optimizing
the model with respect to species classes.
3. DATASETS AND EVALUATION METRICS
Dataset. The PlantClef2015 dataset has 1000 plant species
classes. Training and testing data comprises 91759 and 21446
images respectively. Each image is associated with single organ type (branch, entire, flower, fruit, leaf, stem or leaf scan).
Evaluation metrics. Two evaluation metrics are employed:
the image-centered and the observation score [9]. The purpose of the observation score is to evaluate the ability of a
model predicting correct species labels to all the users. Observation score calculates the mean of the average classification
rate per user as defined:
Sobs =

Pu
U
1 X 1 X
Su,p
U u=1 Pu p=1

(2)

where U : number of users, Pu : number of individual plants
observed by the u-th user, Su,p : score between 0 and 1 equals
to the inverse of the rank of the correct species (for the p-th
plant observed by the u-th user). Each query observation is
composed of multiple images. To compute Su,p , we adopt
the Borda count (BD) and the majority voting (MAV) based
approaches to combine the scores of multiple images:
n

BD =

1X
scorek
n

(3)

k=1

M AV = max scorek
1≤k≤n

(4)

where n: total images per query observation. score: softmax
output score which describes the ranking of the species.
Next, image-centered score evaluates the ability of a system providing the correct species labels based on a single
plant observation. It calculates the average classification rate
on each individual plant as defined:
Simg

Nu,p
Pu
U
1 X 1 X
1 X
=
Su,p,n
U u=1 Pu p=1 Nu,p n=1

(5)

where U and Pu are explained above. Nu,p is the number of
pictures taken from the p-th plant observed by the u-th user,
Su,p,n is the score between 0 and 1 equals to the inverse of the
rank of the correct species (for the n-th picture taken from the
p-th plant observed by the u-th user). We compute the rank
of the correct species based on its softmax scores.
4. EXPERIMENTS
We train our model using the Caffe [17] framework. For the
parameter setting in training, we employ fixed learning policy.

Table 1: Performance comparison with other proposed methods. Note that, M-S = Multi-scale.
Method

Sobs

Simg

GoogLeNet + Fisher Vectors (BD) [13]
GoogLeNet (MAV) [13]
GoogLeNet (content+ domain) [19]
GoogLeNet + softmax normalization [19]
5-fold GoogLeNet (MAV) [12]
5-fold GoogLeNet (BD) [12]
VGG-16 net(MAV)
VGG-16 net(BD)
HGO-CNN(MAV)
HGO-CNN(BD)
M-S HGO-CNN(MAV)
M-S HGO-CNN(BD)

0.592
0.609
0.633
0.624
0.667
0.663
0.663
0.664
0.671
0.673
0.715
0.717

0.581
0.590
0.652
0.652
0.638
0.638
0.647
0.647
0.690
0.690

We set the learning rate to 0.01, and then decrease it by a
factor of 10 when the validation set accuracy stop improving.
The momentum is set to 0.9 and weight decay to 0.0001. All
the networks are trained by back propagation using stochastic
gradient descent [18]. We improve the generalization of the
model by randomly cropping and mirroring the input image
during training.
4.1. Performance Evaluation
We compare our HGO-CNN with the current state-of-theart (SOTA) methods [12, 13, 19]. We also compare with the
VGG-16 net [20], which is fine tuned and trained purely on
species labels using the PlantClef2015 dataset. This is to
measure the contribution of correlation between organ and
generic components in the plant species classification. Table
1 shows the comparison results. We observe that the HGOCNN model achieves a higher score compared to the VGG-16
net. This confirms the importance of organ features used to
discriminate between plant species compared to using solely
generic information for plant classification.
To increase the robustness of the system in recognising
multi-organ plant images, a multi-scale training is adopted.
We isotropically rescale the training images into three different sizes: 256, 384 and 512. Then, for 384 and 512 image
sizes, we crop 256 × 256 center pixels. During network training, 224 × 224 pixels are randomly cropped from the rescaled
images and fed into the network. We call this network a multiscale HGO-CNN (M-S HGO-CNN). During the class prediction phase, we do apply a similar multi-scale process to obtain
three sets of testing images for a query image. An averaging
fusion method is then used to combine their softmax scores
to output a final result for a query image. It is noticeable that
our M-S HGO-CNN model outperforms all the SOTA methods, achieving the best results for the PlantClef2015 dataset.
4.2. Detailed Scores of Each Plant Organ
In this section, we analyse the classification performance of
each organ based on the image-centered score, Simg . Table

Table 2: Classification performance comparison of each contents based on Simg .
Method

Branch Entire Flower Fruit Leaf LeafScan Stem

Choi [12]
Ge et al. [19]
Champ et al. [13]
Le et al. [21]
VGG-16 net
HGO-CNN
M-S HGO-CNN

0.498
0.416
0.398
0.051
0.491
0.522
0.568

0.531
0.448
0.453
0.084
0.522
0.532
0.603

0.784
0.738
0.723
0.207
0.777
0.779
0.798

0.602
0.558
0.559
0.125
0.585
0.604
0.653

0.600
0.524
0.501
0.342
0.591
0.607
0.652

0.766
0.694
0.713
0.737
0.747
0.690
0.803

0.326
0.291
0.302
0.164
0.337
0.326
0.411

(a) test image

(b) Organ layer

(c) Generic layer

(d) Species layer

Fig. 4: Visualisation of the last convolution of generic, organ
and species layer for the test image. Color contrast is digitally
enhanced. Figure is best viewed in electronic form.
Fig. 3: Misclassified examples. The projected F2 features of
misclassified images (right) are found having almost similar
feature patterns to the wrongly classified species classes (left).
2 illustrates the comparison results. We observe that both of
our proposed model, HGO-CNN and M-S HGO-CNN show
scanned-leaf and flower are the most effective organs compared to others for plant identification. This is similar to the
results reported in [9]. Our HGO-CNN shows a higher identification score for ’Flower’ category compared to ’LeafScan’. In addition, using multi-scale training, M-S HGO-CNN
shows a major improvement in ’LeafScan’ category. This indicates that multi-scale training data could further improve
the feature representation for multi-organ plant images. In
overall, our M-S HGO-CNN achieves the highest Simg compared to other SOTAs. Although M-S HGO-CNN leads to a
better result for ’Stem’, it is still considered as the least informative one compared to other organs. This might be due to
the intra and interspecies diversity of plants in nature, resulting in stem not vivid enough for species inference.
4.3. Failure Analysis
We performed failure analysis and observed that these wrongly
classified test images have very similar feature patterns
with the training images from its wrongly classified species
classes. For example, in Fig. 3, the Leontodon hispidus L.
that was misclassified as Scorzoneroides pyrenaica (Gouan)
Holub has very similar visual appearances at the parts of
flower, particularly the color or shape of petals. Through feature visualisation of F2 layer, some similar feature patterns
(drawn in white bounding boxes) can be observed as well.
However, this mistake is understandable as plants in nature
have small interspecies variation, and, generally under such

circumstances, more sophisticated plant morphology is used.
4.4. Qualitative Analysis
We visualise the characteristic of organ, generic and species
layer based on the deconvolution approach [14]. We subsample the top 3 activation feature maps in each layer and reconstructed back to image pixels. Fig. 4 shows the deconvolution results. We observe that both organ and generic-based
features show complementary information, in which organ
layer is mainly focusing on the tree branch while generic layer
stimulates at the twig. Based on the correlation strategy, the
species layer encapsulates both information and reveals the
portions that best represent the plant image.
5. CONCLUSION
We have presented HGO-CNN, a new approach that uses an
end-to-end deep neural network to integrate both organ and
generic features, and, capture the correlation of these complementary information for species classification. Experiments
on the PlantClef 2015 benchmark show the robustness of
HGO-CNN in multi-organ plant classification. It is worth
noting that using multi-scale training can further boost up
the discriminative power of the model. Based on our findings, it is clear that, not all sets of plant organs are useful for
species inference, and as such, we will further our research
to investigate a system that offers extra flexibility in learning
the relationship between organs, targeting only discriminative
types of organs that represent best for plant species.
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